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Abstract

The European Union Aviation Safety Agency (EASA) is developing guidelines to certify
AI-based systems in aviation with learning assurance as a key framework. Central to
the learning assurance are the definitions of a Concept of Operations, an Operational
Domain, and an AI/ML constituent Operational Design Domain (ODD). However, because
no further guidance on these concepts is provided to developers, this work introduces a
framework for defining them. For the concepts of the Operational Domain of the overall
system and the AI/ML constituent ODD, a tabular definition language is introduced.
Furthermore, processes are introduced to define the different necessary artifacts. During
the specification process for the AI/ML constituent ODD, existing steps were identified
and consolidated, including the identification of domain-specific concepts for the AI/ML
constituent. To validate the framework, it was applied to the PYCASX system, which
employs neural-network-based compression. For this use case, the framework produced an
AI/ML constituent ODD with finer detail than other ODDs defined for the same airborne
collision avoidance use case. Thus, the proposed novel framework is an important step
toward a holistic approach aligned with EASA’s guidelines.

Keywords: AI Engineering; W-Shaped Process; ConOps; OD; ODD; Model-Based Systems
Engineering; Aviation; AI Certification; Safety-by-Design

1. Introduction
Artificial Intelligence (AI) and Machine Learning (ML) have become increasingly

capable of solving a wide range of tasks and are therefore being adopted by an increasing
number of industries in recent years. One of those industries is aviation, an industry gov-
erned by one of the strictest certification processes. Still, there are no certification processes
available for AI-based systems in aviation, as it has been identified that existing standards,
such as ARP4754A, DO-178, or DO-200B, are insufficient for the development of AI-based
systems [1–4]. These shortcomings in existing standards stem from the paradigm shift from
requirements-driven to data-driven development for AI-based systems [5–7]. To address
this issue and establish a certification process for these systems, EASA, in cooperation with
other stakeholders, is developing a guidance framework to ensure the trustworthiness of
AI-based systems [5,8]. EASA identified four building blocks necessary to achieve their
AI trustworthiness concept and to enable the use of AI-based systems in aviation, namely,
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the AI trustworthiness analysis, the AI assurance, the Human factors for AI, and the AI
safety risk mitigation [8].

The most important component of an AI-based system that distinguishes it from
traditional software systems is the AI/ML constituent, which includes the ML inference
model. For this AI/ML constituent, an Operational Design Domain (ODD) must be defined
to capture the operating conditions under which the AI/ML constituent must operate as
expected [5]. Furthermore, this AI/ML constituent ODD must also provide “a framework
for the selection, collection, and preparation of the data” [5], which is used to develop
the ML inference model. The AI/ML constituent ODD is therefore crucial, as it is a key
component of the developer’s argumentation in the learning assurance process, which is
part of AI assurance. EASA developed concepts, such as the AI/ML constituent ODD,
to enable the Safety-by-Design development of AI-based systems. For these concepts, EASA
outlines the objectives the developer must meet when developing an AI-based system.
However, there are currently no regulatory guidelines on the tools and methods to be used
to achieve the various objectives associated with these concepts.

While the framework proposed by EASA sets high-level objectives for AI-based
system development, it provides only limited guidance on how system-level operational
assumptions can be systematically translated into learning assurance artifacts for an AI/ML
constituent. In particular, a key remaining challenge in developing safe AI-based systems
using EASA’s framework, especially the learning assurance process, is how to define the
Operational Domain (OD), the AI/ML constituent ODD, and subsequently, the neural
networks that are part of the AI/ML constituent, and how to ensure traceability between
these artifacts. To address this gap, this work aims to research and apply Safety-by-Design
methodologies to bridge the gap between AI trustworthiness analysis and AI assurance,
and to help developers of AI-based systems achieve the objectives of learning assurance,
focusing on the AI/ML constituent ODD [5]. Furthermore, how to achieve the different
objectives outlined in the AI trustworthiness analysis and AI assurance remains an open
question, as EASA does not specify the tools and processes to be used [5]. Therefore, this
work also contributes a set of processes and formalisms that enable developers to achieve
the objectives of EASA’s framework [5], as listed in Table 1.

Based on these objectives, a multi-step, artifact-driven framework is proposed to
bridge the gap between AI trustworthiness analysis and AI assurance. Therefore, the main
focus of this work is to define a Concept of Operations, an Operational Domain, and a
functional decomposition for the AI-based system, and to derive the AI/ML constituent
Operational Design Domain from these artifacts. Additionally, the implications of these
artifacts for the AI/ML constituent architecture are investigated. The usability of the
introduced frameworks is demonstrated through the collision-avoidance use case, which
illustrates how the frameworks support developers in developing AI-based systems aligned
with future EASA regulatory requirements. By answering these open questions, a set of
processes and tools is introduced that developers can use to build an AI-based system
compliant with EASA regulatory guidelines.

This paper describes various processes for specifying an OD and an AI/ML constituent
ODD, including necessary formalisms. Section 2 introduces the state-of-the-art on the
introduced research question. In Section 3, the proposed framework is presented, and in
Section 4, the case study for the framework validation is introduced. Section 5 discusses
the findings, and Section 6 concludes.
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Table 1. The objectives of EASA’s trustworthiness frameworks [5] that are considered for the frame-
work of this work.

Objective Description

CO-01 “The applicant should identify the list of end users that are intended to
interact with the AI-based system, together with their roles, their responsi-
bilities [. . . ] and expected expertise [. . . ].”

CO-02 “For each end user, the applicant should identify which goals and associated
high-level tasks are intended to be performed in interaction with the AI-
based system.”

CO-04 “The applicant should define and document the ConOps for the AI-based
system, including the task allocation pattern between the end user(s) and
the AI-based system. A focus should be put on the definition of the OD and
on the capture of specific operational limitations and assumptions.”

CO-06 “The applicant should perform a functional analysis of the system, as well
as a functional decomposition and allocation down to the lowest level.”

DA-03 “The applicant should define the set of parameters pertaining to the AI/ML
constituent ODD, and trace them to the corresponding parameters pertain-
ing to the OD when applicable.”

DA-06 “The applicant should describe a preliminary AI/ML constituent architec-
ture [...]”

LM-01 “The applicant should describe the ML model architecture.”

2. State of the Art
In aviation, safety-critical systems and components must be certified before deploy-

ment. In Europe, this is the responsibility of the European Union Aviation Safety Agency [9].
EASA specifies the regulations that have to be followed and publishes advisories on accept-
able means of compliance and guidance material. Under those regulations, developers can
provide evidence that the system or component complies with the applicable requirements.
The development of acceptable means of compliance and guidance material is supported by
the development of industry standards by agencies such as the European Organization for
Civil Aviation Equipment (EUROCAE) [10]. As shown in Figure 1, a key aviation standard
is ARP4754A/ED-79A, which defines the system development process using the V-model.
One important input to the V-model is the safety assessment, which must be conducted in
accordance with ARP4761A [11]. For traditional software development, the relevant guid-
ance standard is DO-178/ED-12 [2,12]; for hardware development, DO-254/ED-80 [13,14]
is an accepted means of compliance.

However, with the shift to data-driven development for AI-based systems, existing
standards, along with their corresponding regulatory guidance and rulemaking, are in-
sufficient for development and certification [4]. To address this issue, various regulatory
agencies launched initiatives and research projects to close identified gaps [8,15–18]. An
overview of recent advances across topics such as neural network verification can be found
in the literature [19,20]. One important step in that direction is the EASA Concept Paper:
Guidance for Level 1 & 2 machine learning applications [5]. Here, EASA outlines the tech-
nical objectives and organizational provisions it considers necessary to approve AI-based
systems for what it defines as level 1 and 2 applications. Furthermore, this concept paper is
receiving iterative updates and will be extended to level 3 AI-based systems. EASA defines
AI levels based on the increasing autonomy of AI-based systems. While level 1 offers
assistance to humans, level 2 applies to cooperation and collaboration between humans
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and AI-based systems, up to shared responsibilities. Finally, AI-based systems defined as
level 3 are autonomous in their decision-making and implementation [8]. Two key aspects
introduced in the concept paper are AI trustworthiness analysis and AI assurance. The
AI trustworthiness analysis contains a characterization and different assessments of the
AI-based system. This includes a Concept of Operations (ConOps) that provides a refined
definition of the AI-based system and its operating environment. The description of the
operating environment is formalized as the Operational Domain (OD). The notion to specify
the operation conditions for an AI-based system has been developed by the automotive do-
main [21–27] and has already been adapted by the maritime [28] and railway [29] domains.
In the automotive domain, the concept used to describe system-level operating condi-
tions is called ODD. In contrast, the EASA naming convention uses the term Operational
Domain (OD) for a similar purpose. This difference in naming convention is important
to acknowledge, as EASA uses the term ODD at the AI/ML constituent level, where it
denotes a different concept. The concept of the AI/ML constituent ODD is described in
greater detail in the next paragraph. In the automotive domain, a key property of the
specified operating environment is its hierarchical, taxonomy-based structure [21,22,30–32].
This structure enables standardization [21,22] of the conditions to be identified, as well as
strategies [24,27,33] for identifying them in the operating environment. How to specify
such an OD for an AI-based system in aviation has been previously explored in differ-
ent domains such as air traffic management [34,35], airborne collision avoidance [36–41],
and unmanned aircraft [42].

Functional System

System Development
Process

ARP4754/ED-79

Hardware Development
Life Cycle

DO-254/ED-80

Software Development
Life Cycle

DO-178/ED-12

Safety Assessment
Process

ARP4761/ED-135

Functions

Criticality Level Criticality Level

System Definition

Safety Requirements

Figure 1. Important standards used in the development of an aviation system to provide evidence to
meet the regulatory requirements. Adapted from [19].

With AI assurance, EASA provides specific guidance required for developing an AI-
based system [5]. This includes the development and post-ops AI explainability, as well as
learning assurance. Learning assurance is a new concept introduced by EASA to define a
development assurance method for AI/ML constituents. EASA defines learning assurance
as all actions required to ensure, with a sufficient level of confidence, that errors are
identified and corrected in the learning process to meet the required level of performance
for the AI/ML constituent. To implement learning assurance, EASA proposes its W-shaped
process [5]. While other works from different domains [7,10,43–45] have already introduced
processes or frameworks with similar ideas, the W-shaped process introduced here adapts
and extends them to fit within EASA’s framework. Furthermore, additional novel concepts
were introduced in the W-shaped process, as reported in other works [5,46]. One such
important novel concept is the AI/ML constituent ODD. With the AI/ML constituent ODD,
a developer must define the operating conditions under which the AI/ML constituent
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is expected to operate as intended [5]. This AI/ML constituent ODD must include finer
detail than the system-level operational domain to enable its use in data and learning
management. Specifying an AI/ML constituent ODD is important, as the defined attributes
and ranges inform data-quality requirements and verify that the dataset used to develop
the ML inference model is complete and representative of the expected operating conditions
of the AI/ML constituent in later use. Furthermore, this AI/ML constituent ODD is used
to estimate the ML inference model’s generalization capabilities and to define the AI/ML
constituent’s behavior when exposed to out-of-distribution data. This AI/ML constituent
ODD concept is now data-centric [6]; therefore, its specification must include data-specific
considerations [29,47,48]. These data-specific considerations can include how system-level
parameters are mapped to the AI/ML constituent ODD [47] or how to represent the data
distributions for the AI/ML constituent ODD’s parameters [48]. In addition, different
methodologies were introduced [29,47,48] to enable the identification and definition of
parameters for an AI/ML constituent ODD that includes these data-specific considerations.
Importantly, EUROCAE [49] and the G34 working group of SAE [50] are already developing
standards that use a similar notation for the AI/ML constituent ODD, as introduced by
EASA. Most notably, ED-324 and ARP6983 [51], which will introduce a process for the
certification and approval of AI in safety-related products. Both standards are expected to
be first published in 2026 [52].

A current focus of AI-based system development in aviation is the use case of airborne
collision avoidance [37,39,40,53,54]. One system involved in this use case is ACAS X. This
system is designed to generate resolution advisories for pilots to follow to avert a potential
mid-air collision between two aircraft. However, ACAS X relies on precalculated data to
generate resolution advisories, which, given its size, is challenging to store on current and
certified avionics hardware. Therefore, one approach is to use neural networks to reduce the
memory footprint of ACAS X [53,54]. However, relying solely on neural networks does not
reduce the memory footprint in a loss-free manner [53,54]. Therefore, the Safety Net concept,
as a hybrid architecture for data compression, was proposed [36,54,55]. This concept’s
advantage is that it can reduce the memory footprint while ensuring the correctness of the
compressed data [36,54,55].

3. Proposed Framework
In developing the novel framework, the considered objectives are organized into five

sequential, partially iterative steps. These steps are ordered first by the objectives each
step fulfills and, second, by the framework within which these objectives are situated.
The introduced steps aim to meet the objectives of two EASA trustworthiness guidelines
frameworks: AI trustworthiness analysis and AI assurance. Notably, each step produces
a well-defined output that serves as input to the subsequent steps. The first three steps
are the ConOps and OD definitions, as well as a functional decomposition of the system.
These three steps yield artifacts: operational scenarios, a tabular OD specification, and a
functional allocation that identifies AI/ML-based constituents. The next step is to define
the AI/ML constituent ODD based on the system-level artifacts produced during the
AI trustworthiness analysis. This AI/ML constituent ODD must contain the ranges and
distributions of the operating parameters for which the AI/ML constituent is designed to
operate. The final step provides guidance on how the specified AI/ML constituent ODD can
influence the AI/ML constituent architecture, with a focus on input feature selection. While
this step does not directly achieve a specific objective, it provides a necessary foundation
for other objectives in data preparation within data management [5]. Importantly, these two
steps are based on the artifacts produced by the AI trustworthiness analysis. Furthermore,
these are part of the learning assurance within the AI assurance framework, which is used to
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develop the AI/ML constituent [5]. Following these steps should help the developers build
an assurance case that the AI-based system complies with a defined level of performance
and the defined requirements [5]. In summary, the main objective is the introduction
of a framework that bridges the gap between the AI trustworthiness analysis and the
AI/ML constituent ODD that is part of the AI assurance. Importantly, using the proposed
framework, only a subset of all objectives of EASA’s guidelines is fulfilled. Therefore,
the proposed framework will not be sufficient to build a complete assurance case for an AI-
based system. Nevertheless, fulfilling the considered objectives is a mandatory prerequisite
when building an assurance case according to EASA [5].

3.1. Definition of a Concept of Operations

The first step in developing any AI-based system is to define it through a ConOps to
identify all users and specify the system’s capabilities and limitations [5]. Based on EASA’s
suggested objectives CO-01 and CO-02 for the system, all end users who interact with the
AI-based system [5] must be identified and documented. Furthermore, this documentation
also includes the goals and high-level tasks a user intends to perform when interacting
with the AI-based system [5]. The ConOps documents the characteristics of the AI-based
system from the users’ operational viewpoint [5]. Therefore, this methodology proposes
the five steps for the definition of the ConOps based on the ISO/IEC/IEEE 29148:2018 [56].
These steps consist of a description of the current system, the justification for and nature
of the changes, the description of the proposed AI-based system, the definition of the task
allocation pattern, and lastly, the description of operational scenarios. The definition of the
operational environment is replaced by the operational domain, which is defined in the
following subsection. The artifact produced by this step is a ConOps description for the
AI-based system.

As the first step, a description of the current system must be created [56]. This
description must include an overview of the system’s functionality, an explanation of the
underlying technology, and a list of aviation standards applicable to the system. This
allows other stakeholders to better understand the current state of the problem domain [56]
and also defines the initial scope for the system’s intended use. As recommended in
ISO/IEC/IEEE 29148:2018 [56], the justification of changes must highlight the shortcomings
of the current system or situation. Furthermore, the nature of the proposed changes has to
be stated [56]. Importantly, the change introduced by the AI component must be stated to
communicate the expected effect on AI component usage.

Based on these steps, a description of the AI-based system must be created. The
description of the proposed AI-based system must contain “[t]he operational environment
and its characteristics” [56]. Furthermore, it must also include the capabilities and functions
provided by the proposed system [56]. This must also include the major system compo-
nents needed for those capabilities and functions [56]. Lastly, the description also provides
the task allocation and interactions between the end users and the AI-based system [5].
The description must enable all stakeholders to clearly understand the AI-based system’s
functionality and responsibilities. Moreover, the description must be supplemented with
operational scenarios. Each scenario description must comprise multiple steps that specify
the environmental conditions, the individual system functions, and the task allocation
between the end user and the AI-based system required to achieve the higher-level task or
goal in the scenario [5]. In addition, these steps must be described so that each stakeholder,
regardless of technical background, can understand the system’s functionalities, respon-
sibilities, and limitations. This is important because understanding the AI-based system,
especially from the end user’s perspective, will be the foundation of trust in the system [5].
Finally, these scenario descriptions must also include scenarios where the AI-based system
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is outside its designed operating conditions [5] to highlight the system’s fallback measures
and limitations.

3.2. Definition of an Operational Domain

The OD of an AI-based system describes the operating conditions under which it is
designed to function as expected [5]. Furthermore, the OD must be in accordance with the
defined ConOps for the AI-based system [5]. While EASA formalized properties of the
OD concept, it did not provide guidelines for specifying an OD in a formal manner. The
automotive sector has already advanced the field of capturing operational conditions by
standardizing various aspects [21,22,57] and has successfully applied these standards to the
development of a level 3 automated driving system [58]. Therefore, this approach leverages
concepts from other domains to develop the OD concept for aviation. To specify the OD for
an AI-based system, Figure 2 introduces different concepts and their relations, building
on the concepts and relationships of an OD in the automotive domain [59] but adapted
such that the terminology fits the concepts and definitions of EASA. The taxonomy concept
characterizes operational conditions by classifying them using a set of attributes [22]. These
attributes are used in the statements to define the individual ranges of the operational
conditions, as shown at the bottom right of Figure 2. A statement describes an operational
condition that is either excluded or included in the OD specification. The collection of
statements constitutes the OD specification for the AI-based system, i.e., the operating
conditions under which it is expected to operate. Importantly, the OD is typically a subset
of all possible operational conditions, as systems may be constrained by their function
and design [59]. For the statements that define the OD, a specification language is needed,
as it enables communication and understanding of the OD by different stakeholders [22].
Therefore, to specify an OD for an AI-based system, both an OD taxonomy and an OD
specification language have to be defined [59]. The definition of an OD taxonomy is specific
to the use case for which the AI-based system is built, while the OD specification language
should be usable for any use case. These two components define a concrete OD for an
AI-based system. The following sections will first introduce a hierarchical structure for the
OD taxonomy and a definition language for the OD. Secondly, an approach to specifying a
concrete OD for an AI-based system’s use case is outlined.

Operational
Conditions

Operational
Domain

OD
Specification

Statement

Taxonomy

Attribute

characterizes is a subset of

specifies

is com-
posed of

classifies

is defined over

Figure 2. Relation between the different concepts connected to an operational domain. The figure is
adapted from [59], which defined the relations and components for the automotive concept of an OD.

3.2.1. Operational Domain Taxonomy

An OD taxonomy defines the attributes that can comprise the operating environment
of an AI-based system and organizes them in a hierarchical structure [22]. Thus, the tax-
onomy must cover all attributes necessary to define the elements and conditions of the
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operating environment relevant to the AI-based system. This is important because an OD
is considered complete only if no safety-relevant attributes are missing for the system’s
defined ConOps [60]. Completeness is therefore an important prerequisite for arguing a
system’s safety based on the OD [60]. However, given the diversity of AI-based system
use cases in the aviation sector [8,16,17], developing a single, universal taxonomy that
accommodates all use cases remains a significant challenge. While individual domains
may share similar taxonomies for different use cases, a single universal OD taxonomy
applicable across domains is not feasible. Consequently, the proposed framework does not
aim to define a universally complete taxonomy; instead, it provides a generic, risk-driven,
and system-oriented approach to establish a foundation for OD taxonomy definition appli-
cable to various use cases, as further described in Section 3.2.3. For the basic structure of
the OD taxonomy, three top-level attributes are proposed, namely scenery elements, environ-
mental elements, and dynamic elements [22,61]. This proposed top-level attribute structure
has already been successfully applied to air traffic management use cases [34] and air
operations use cases [39]. The first top-level attribute, scenery elements, should include all
attributes that define elements that can be considered spatially fixed within the operating
environment of the AI-based system [22]. Next, the environmental elements should include
all attributes that describe weather and atmospheric conditions, as well as other attributes
considered non-scenery elements [22]. A non-scenery element can, for example, be the sys-
tem’s connectivity to external infrastructure [22]. Finally, the dynamic elements encompass
all attributes of other participants in the environment and of the AI-based system itself [22].
The other participants can be seen as agents that can move or change in the operating
environment of the AI-based system. Additionally, the dynamic elements should include
attributes that may restrict the performance or capabilities of the AI-based system itself [22].
This outlined taxonomy classification provides only a high-level guideline for the attributes
a developer must define for their use case, enabling its application across a wide variety of
aviation use cases. For the definition of an OD taxonomy, a variety of formats can be used,
including, among others, textual descriptions [21,22] or block definition diagrams written
in SysML [34,39].

3.2.2. Operational Domain Definition Language

The OD definition language is an important component of an OD definition, as it
enables developers to capture operational conditions consistently, accurately, and clearly for
different stakeholders. The latter is required, as EASA views the OD as part of the ConOps,
which must be comprehensible from a user’s perspective [5]. In the automotive domain,
the OD definition language is already standardized by the ISO 34503:2023 [22]. Therefore,
for the definition language, a syntax based on the tabular approach of the ISO 34503:2023
is introduced. This format was introduced because it enables the OD to be accessible to
all stakeholders connected to the system. The tabular format comprises columns for the
top-level attribute, multiple levels of sub-attributes, the qualifier, and the attribute with its
corresponding value and unit. The columns of the top-level attribute, the sub-attributes,
and the attribute are based on the hierarchical taxonomy. The qualifier column indicates
whether an attribute and its values are included or excluded from the OD. If an attribute
and its value are included, the system can function under the stated condition. This also
includes all possible combinations of the other included attributes and their attribute values.
If the qualifier is excluded, the attribute and its value constitute a condition under which
the system is specified not to function. Therefore, in such situations, the system is not
allowed to be operated or must be deactivated. Attributes not listed in the OD specification
are assumed not to affect the AI-based system [22]. These assumptions must subsequently
be validated to ensure their validity. The value of the attribute is described in the column
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“Attribute value”. Depending on the attribute type, a wide range of styles may be required
to represent the value. The advantage of this approach is that the tabular format is not only
human-readable but also easily machine-readable.

3.2.3. OD Specification

For the specification of an OD, the domain-agnostic and risk-based OD definition ap-
proach [61] is used but adapted to fit the framework proposed by EASA [5]. The approach
was chosen as it defines the OD definition process domain independently. This is an ad-
vantage over other processes [24,62], which primarily focus on the automotive domain. As
EASA specified certain aspects regarding the OD, these are incorporated into the existing
process. Furthermore, the existing process is extended to include additional guidance on
identifying and selecting attributes and their value ranges. The introduced process consists
of three steps: initialization, refinement, and validation and verification. The initialization
starts with defining the taxonomy for the use case, following the structure outlined in
Section 3.2.1. This taxonomy initialization is based on the ConOps for the AI-based system,
which provides a generic description of the system and concrete descriptions of scenarios in
which it will be operated. Both descriptions can be used to identify the taxonomy attributes.
To identify the different elements under the operational conditions of individual scenarios,
approaches similar to the 6-layer model [33], developed for the automotive domain, can be
used. The 6-layer model decomposes the operating environment into multiple predefined
layers and uses this decomposition to systematically identify all relevant elements [33].
What each layer describes must be adapted to the individual use cases and the applied
model. In addition, depending on the use case, standardization efforts may already provide
an initial set of attributes for an OD taxonomy. Once an initial taxonomy is defined, it
can be used to specify an OD for the system, followed by assigning values to all relevant
attributes. For this initial assignment of values, the ConOps for the AI-based system should
be used. An important step in determining an attribute range is identifying the qualifier.
This allows determining whether a taxonomy attribute is relevant to the AI-based system’s
operation and whether it is included or excluded from the system’s operating conditions.

If an initial OD is defined, it builds the basis for the refinement. This refinement com-
prises multiple tasks, similar to prior work [34,61]. First, based on the individual attributes
identified and established in the ConOps scenarios, determine whether these attributes
require clarification in the scenarios. This is required due to the close connection between
the ConOps and OD scenarios and the requirement that they be consistent [5]. Secondly,
standards associated with the use case are analyzed. Depending on the proposed AI-based
system, standards may already have defined operational services and environment descrip-
tions, or minimum design and performance requirements. Thirdly, subject-matter experts
can refine the defined OD taxonomy or specification.

Importantly, as the final step of this refinement, the consistency between the OD and
ConOps must again be checked, as newly identified attributes in the refinement may intro-
duce additional operational conditions for the system. These newly identified operational
conditions may need to be reflected in the ConOps operational scenario descriptions. This
can lead to adapting the already defined scenarios or introducing new scenario descriptions
that include the newly identified operational conditions. The need for adaptation is a bidi-
rectional relationship between the ConOps and OD specifications. Therefore, if the ConOps
is adapted, it requires corresponding adaptations to the OD taxonomy or specification.
Adaptations such as these are necessary; otherwise, inconsistencies would persist between
the OD and ConOps for the AI-based system.

If the refinement is complete, a verification and validation of the specified OD is
necessary. This verification and validation should ensure that the OD describes all necessary
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operating conditions to meet the system requirements and that the OD and ConOps are
consistent. After verification and validation of the specified OD against the defined ConOps
and operational assumptions, the OD serves as a formal input to the downstream functional
decomposition and subsequently to the AI/ML constituent ODD specification.

3.3. Functional Decomposition of the AI-Based System

To achieve a functional decomposition of the AI-based system, a two-step approach is
proposed. The first step is a functional analysis of the system, and the second step is the def-
inition of the preliminary system architecture. At the end of the functional decomposition,
functions should be allocated to the AI/ML constituents. The goal of functional analysis
is to identify the functions implemented by the AI-based system. As described by the
ARP4754 [1], a function should capture the behavior of a system, regardless of the chosen
implementation. The functions of a system can be captured by a functional tree [63]. The
analysis starts with the system’s high-level function, which is then decomposed into lower-
level functions [63]. These lower-level functions are further decomposed until an atomic
function is reached, one that cannot be split further, forming the foundation of the system’s
functional requirements. To create individual functions, a set of rules is recommended [63].
Most importantly, these atomic functions should be described as generally as possible,
using a verb and a noun, to avoid restricting the variety of solutions [63]. In the second step,
a preliminary system architecture is introduced. This includes an overview of all system
components and shows the information flow among them [5]. One requirement of EASA for
creating an AI-based system architecture is labeling the components, functions, and items,
whether AI/ML-based or not [5]. A function is AI/ML-based if it is implemented by an
item that contains an AI/ML constituent. This classification is important to specify, as it
highlights which parts of the system the AI assurance applies to. In addition, processes
such as ARP4754 [1] or ARP4761 [64] can identify additional functional, safety, and security
requirements. Based on the functional decomposition from the previous step and the
additional requirements identified, a foundation for the AI/ML constituent requirements
is established. However, as noted in AIR6988 [4], the ARP4754 [1] guideline has gaps when
assessing AI/ML-based systems. Therefore, when dealing with such systems, ARP4754 [1]
may be insufficient, and additional processes, such as ARP6983 [51], must be applied. The
functional allocation explicitly identifies AI/ML-based constituents, thereby defining the
scope of subsequent learning assurance activities.

3.4. Definition of the AI/ML Constituent Operational Design Domain

At the AI assurance level, EASA [5] requires further refinement and the allocation
of system-level requirements to the AI/ML constituents. An important concept at the
AI/ML constituent level is the definition of the AI/ML constituent ODD. Furthermore,
the AI/ML constituent ODD must define constraints and requirements for the ML inference
model and the data used to build and deploy [5]. Lastly, the AI/ML constituent ODD
must also incorporate constraints and requirements on the data that the ML inference
model will be exposed to during inference operations [5]. As the OD and the ODD are
conceptually similar, the proposed framework is built upon the OD framework introduced
in Section 3.2. Importantly, due to key differences between the OD and ODD, several adap-
tations must be incorporated into the framework for the ODD definition to comply with
EASA requirements [5]. Furthermore, the AI/ML constituent ODD refines the attributes,
parameter ranges, and operational assumptions specified in the ConOps, the system-level
OD, and the functional decomposition produced in the previous steps. These upstream
artifacts are explicitly included to ensure traceability between AI trustworthiness and AI
assurance artifacts.
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3.4.1. AI/ML Constituent ODD Taxonomy

Similar to the OD taxonomy at the system level, the AI/ML constituent ODD taxonomy
defines the attributes of the operating environment for the AI/ML constituent [5]. Therefore,
a similar approach was used to define the attributes for the AI/ML constituent ODD, as was
used for the OD. This includes the structuring of the operating conditions into the top-level
attributes of scenery elements, environmental elements, and dynamic elements. As the operating
conditions for the AI/ML constituent are specified at the subsystem level [5], influences
stemming from the overall system can affect the provided data. As such, these influences
must be captured in the AI/ML constituent ODD to ensure that the data conforms to the
specified conditions [5,65]. Accordingly, the top-level attributes are extended with the
top-level group of operating parameters [5]. This set of attributes must include all additional
operating parameters introduced by other system components with which the AI/ML
constituent interacts.

3.4.2. AI/ML Constituent ODD Definition Language

The OD definition language is also applied to the AI/ML constituent ODD. Therefore,
the same tabular structure as in Section 3.2.2 is used, but extended by two additional
columns. First, for each attribute, the data distribution must be defined [5]. Whenever
possible, the system component (e.g., a sensor) that generates the data should also be
recorded. This distribution column describes the distribution of the data under which the
AI/ML constituent is expected to operate [5]. The distribution of each parameter describes
the assumed underlying distribution, from which the data were sampled independently [5].
These distributions are important to record, as the generalization capability of an ML
model is approximated based upon the assumption that the out-of-sample data is sampled
from the same distribution as the in-sample data [5]. This is crucial, as the generalization
capability of an ML model is a probabilistic statement that is only valid if the assumption of
a common underlying distribution holds [16]. Thus, distribution information is crucial to
record, as it can later be used for ODD monitoring. Therefore, it is necessary to ensure that
the ML model is exposed only to the data distributions on which it was trained, thereby
enabling the AI/ML constituent to exhibit its intended behavior [5].

In addition to EASA requirements, it is proposed to add a column to record the sensor,
enabling identification of the data source within the system. This information can be used
in data management to verify data integrity, as knowledge of the sensor enables identi-
fication of potential errors introduced by the chosen sensor setup during data collection.
Also, the inclusion of sensors in the ODD enables assessment of the sensor setup [24].
This assessment of the sensor setup and its characteristics enables the determination of
whether the system-level sensor setup is sufficient for the defined AI/ML constituent ODD.
Otherwise, an iteration and modification of the sensor setup at the system level might
be required [24]. Importantly, not every ODD parameter can be measured directly by a
sensor; some can only be inferred indirectly from other measurements. Therefore, these
parameters may only need to be collected during data acquisition to ensure the specified
conditions are captured. During operation, depending on the ML model, these parameters
might not be directly used as input for the ML model in the training and in the inference
during operation, and are only indirectly captured, for example, the weather conditions
in an image. However, these attributes must still be included in the AI/ML constituent
ODD and in the collected dataset to enable successful training of the ML model under the
specified conditions. Lastly, based on sensor data and system-level safety assessments, it is
possible, using methods such as ARP4761A [11], to further identify regions of potentially
invalid or erroneous input data. Such an assessment can identify scenarios and data to
test the ML model’s behavior under these degraded conditions. This information can
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inform the definition of the system’s ODD monitoring capability [5] and the development
of mitigation strategies [6].

3.4.3. AI/ML Constituent ODD Specification

The previous two sections, Sections 3.4.1 and 3.4.2, defined the components for the
ODD specification. As with the OD, a process is also needed to methodically develop an
ODD specification for any use case or AI-based system. The proposed process is based on
the domain-agnostic and risk-based ODD definition approach [61], which consists of the steps of
initialization, refinement, and verification and validation of the AI/ML constituent ODD.
The first step in the process is to initialize the AI/ML constituent ODD. This initialization
is based on the functional decomposition, the OD, and the requirements allocated to the
AI/ML constituent. It defines an ODD based on the system-level information. Once the
initial definition of the ODD is complete, refine it to incorporate AI/ML constituent-specific
information and concepts. This refinement includes details on the sensor setup and the
AI/ML constituent architecture, which must be considered when defining the ODD. These
considerations focus on incorporating the specifics required for data management and
learning process management of the AI assurance process [5]. This is required, as the
AI/ML constituent ODD must provide “a framework for the selection, collection, [and]
preparation of the data” [5] that is used for the development of the ML inference model [5].
The last step in the process is the verification and validation of the AI/ML constituent ODD.
This verification and validation are outlined in the anticipated MOC DA-07 [5], where
the verification and validation consist of subject-matter experts reviewing the operating
parameters for correctness and completeness.

The initialization of the AI/ML constituent ODD is based on the ConOps, OD, func-
tional decomposition, and requirements allocated to the AI/ML constituent. Therefore,
the artifacts from the AI trustworthiness analysis must be used to initialize the AI/ML
constituent ODD [5]. For each OD attribute, it should be determined whether it is a relevant
operating condition for the AI/ML constituent, based on the functions and requirements
allocated to it. To guide this identification, each parameter should be classified into one
of two groups: physical ranges or parameters that affect the data distribution, such as the
behavior of dynamic elements. If an attribute is classified as a physical range, based on
the allocated function and requirements of the AI/ML constituent, this range can then be
adapted accordingly. The second option is to classify an attribute as influencing the data
distribution. These attributes are important to recognize, as they will significantly affect
how the individual samples are distributed in the dataset used to develop the ML inference
model. Furthermore, during data collection, these attributes must be monitored to ensure
that the conditions they imply are included in the dataset. Using this classification for each
attribute, it can later be determined whether it is relevant to the AI/ML constituent and
data management. Note that not all attributes will be distinguishable between the two
groups; therefore, this classification will depend on the developers’ subjective judgment.
At the end of the AI/ML constituent ODD initialization, an initial ODD is created. The
created ODD is a subset of the OD, since initialization relies only on the attributes and
their ranges defined in the OD. This will likely change as the ODD is refined in the next
stage of the process. Furthermore, this refinement can yield an AI/ML constituent ODD
that is a superset of the system’s ODD. Such a superset relationship can improve a model’s
performance and stability by training it on a broader range of available data [5].

Because the initialized AI/ML constituent ODD is based solely on the OD, which is
insufficient for data management and learning process management [5], the next step is
to refine the initialized ODD into a form suitable for these tasks. To achieve this, attribute
projection, sensor characterization, domain-specific concept identification, and analysis of
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existing data sources are introduced. These steps aim to provide sufficient detail for the
design and development of the ML inference model within the AI/ML constituent.

As discussed previously, the attributes of the initial ODD are based on the system-level
OD. However, these attributes may be perceived differently by the AI/ML constituent
than they are defined at the system level, largely due to the sensors selected in the system
architecture. Therefore, the attributes and ranges of the initial AI/ML constituent ODD may
need to be projected into the dimensional space that the AI/ML constituent can perceive.
One necessary projection of attributes is the transformation of physical attributes. These
transformations can be simple unit conversions or more complex operations, for example,
when semantically defined attributes of the OD must be described using concrete physical
sensor values. Another necessary transformation is converting geometric attributes into
data-characteristic properties, where these properties depend on the available sensor [47].
Also, it may be necessary to apply these transformations in reverse to reconstruct geometric
properties from image-level features. Applying these transformations to the attributes of
the initial ODD should yield an ODD that aligns with the AI/ML constituent’s perception
and is usable in data management.

An important aspect of data management is collecting data to develop the ML inference
model. It must be ensured that the data characteristics match those encountered by the ML
inference model during its application [44,65]. One important aspect is the data properties
driven by the sensors’ characteristics and their configurations used in the system. These
characteristics can include the sensor’s orientation, type, and position, as well as properties
determined by the sensor. In general, these properties can include the sensor’s resolution
or signal-to-noise ratio [66]. Such characteristics are important to describe, as they have
been shown to negatively impact the performance of ML inference models [67]. The
identification of these sensor characteristics can be based on the sensor specifications and
how the sensor is installed in the overall system.

As previously explained, the OD describes the operating conditions of the AI-based
system, while the AI/ML constituent ODD describes the operating conditions of only
its corresponding AI/ML constituent. This discrepancy in definition implies additional
or different conditions relative to the defined OD, as the AI/ML constituent may be
influenced differently by those conditions. The additional conditions will largely depend
on the AI/ML constituent’s perception, e.g., its sensor setup. Furthermore, as the AI/ML
constituent ODD must provide “a framework for the selection, collection, preparation of
the data” [5], the ODD should also incorporate specific concepts that impact the ability of
the ML inference model to learn its designated function and can affect the performance of
the ML inference model in operation [47]. Due to the lack of robust methods for verifying
ML inference outputs during operation, it is often difficult to detect erroneous outputs and
identify their root causes. Therefore, identifying such concepts is important for designing
the AI/ML constituent ODD. To identify such attributes for the AI/ML constituent ODD,
other work has proposed methods to identify and classify necessary, supportive, irrelevant,
and false-positive concepts [47]. This identification and classification help determine key
aspects of the operating environment that can affect the ML model’s ability to learn its
designated function successfully. However, for these concepts, identifying the AI/ML
constituent in the domain remains challenging. Because ML models, especially deep
learning architectures, are designed to extract patterns and features from data, it is unclear
to the developer which known or unknown patterns and features in the data are most
significant for the model’s ability to learn its designated function. Nevertheless, such
an identification is important to ensure that the collected dataset accurately reflects the
AI/ML system’s later operating conditions. To identify attributes based on these concepts,
an approach similar to the 6-layer model introduced in Section 3.2.3 can be used. Therefore,
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building on the same 6-layer model [33] used at the system level, an operating-condition
model for the AI/ML constituent can be constructed. Importantly, the defined system-
level model can serve as a basis, but must be extended based on the AI/ML constituent’s
perception. Furthermore, to identify all relevant model attributes that may affect the
recorded sensor signals, the signal path should be mapped in the model [29]. Through
thorough mapping, the different objects that interact with the signal can be discovered and
described as an AI/ML constituent ODD attribute. Additionally, to accurately describe
and model a use case, an ontology-based domain model can be developed [68]. Such a
domain model represents the natural language domain knowledge in a graphical form [68].
The resulting graph consists of entities, relations, attributes, and values that describe the
corresponding real-world concepts [68]. Based on the entities and attributes of the domain
model, attributes in the AI/ML constituent ODD can be defined. The values associated
with these entities and attributes in the domain model can then be used to define the value
range of the corresponding AI/ML constituent ODD.

Depending on the use case, available data sources can be used to identify relevant
aspects for the AI/ML constituent ODD [65]. Such data sources can include standards ap-
plicable to the use case, sensor specifications, or datasets from the same or a similar use case.
Similar to the definition of the OD, standards can already specify a list of operating condi-
tions under which the AI/ML constituent may operate. In the aviation sector, standards
specify operational services and environmental definitions, as well as minimum aviation
system performance requirements for systems used to provide certain functionalities. The
information or requirements defined in these documents can be mapped to attributes in
the AI/ML constituent ODD. In addition to these standards, sensor characteristics can be
determined from the specifications provided for the sensors used in the AI-based system.
The final source of AI/ML constituent ODD attributes considered are available datasets
of the same or similar use cases [65]. The discovered datasets can be explored to identify
additional attributes for the AI/ML constituent ODD. The exploration of a dataset involves
identifying properties and their relationships within the dataset [69]. Importantly, such
an exploration must be used to identify new attributes rather than merely to generate
an AI/ML constituent ODD, as the available dataset may not fully represent the AI/ML
constituent’s operating environment.

3.4.4. AI/ML Constituent ODD Verification and Validation

The last step in the AI/ML constituent specification process is independent verification
and validation of the AI/ML constituent ODD. As previously outlined, an insufficient
AI/ML constituent ODD can pose a safety risk for the overall system [60]. The verification
and validation of the correctness and completeness of the ODD must be done by subject-
matter experts [5]. In addition to expert judgment, this verification should ensure that
all relevant domain standards applicable to the system are considered [60]. Furthermore,
additional datasets should be used in this verification and validation. Similar to the
discovery of new attributes from data sources, these additional datasets can help ensure
that the attributes and their values account for all relevant conditions [60].

3.5. Model Architecture and Input-Feature Selection

Following the definition of the AI/ML constituent ODD, the next step is to define
the AI/ML constituent architecture, including preprocessing, the ML inference model,
and post-processing required to perform the function allocated to the AI/ML constituent [5].
As the AI/ML constituent ODD is not the only influencing factor for the architecture,
a mapping of the different influence factors is depicted in Figure 3. These influencing
factors were identified based on the objectives outlined in EASA’s concept paper [5].
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As shown in Figure 3, the Inputs for the AI/ML constituent that are used in the ML
model are influenced by the AI/ML constituent ODD, the type of data that is collected,
and the architecture. The AI/ML constituent ODD determines the characteristics of the
data to be captured, based on the required conditions and the AI/ML constituent ODD
attributes and their ranges. However, the AI/ML constituent ODD does not specify
the data type or format of the collected data. Therefore, the data can be structured or
unstructured, which largely determines the types of inputs that are feasible for an ML
model. While all these can provide the necessary information that might be described in
the AI/ML constituent ODD, the different data types available for the same ODD allow
different input features. One important step in defining the inputs is applying feature
engineering methods to extract the most useful input features [70]. However, these feature
engineering steps may not be necessary if an ML model architecture incorporates feature-
extraction components. The architecture for the ML model is not directly dependent on
the defined AI/ML constituent ODD; it is only influenced indirectly through the collected
data types. In addition, the requirements [44] and the functions allocated to the AI/ML
constituent have a major influence on the architecture. The selection of a suitable ML
model architecture depends on the performance achieved by individual architectures
across different experiments [71]. Most importantly, the components and the ML model
must adhere to the specified requirements and the derived performance metrics.

AI/ML constituent ODD

Data type Requirements Function

Inputs Architecture

Figure 3. A mapping of the influence factors when designing an ML model.

4. Case Study
This section introduces the application of the proposed framework to the selected

airborne collision avoidance system use case, aiming to validate whether it conforms to the
considered EASA objectives, as shown in Table 1. For the use case, the vertical collision
avoidance systems (VCAS) [72] and horizontal collision avoidance systems (HCAS) [73],
both implemented in PYCASX [40,74], were selected. The PYCASX system is a Python-
based implementation of HCAS and VCAS, inspired by ACAS Xa and ACAS Xu, and inte-
grated with FlightGear [75–77]. This new system is proposed as a neural network-based
solution to reduce the memory footprint of ACAS Xa/Xu to make its implementation on
avionics hardware feasible [40,54]. It was selected as a representative use case because
it builds on established research in the aviation AI community and provides a modular
architecture that integrates easily into simulation environments for efficient testing. To
reduce memory footprint, neural networks are used due to their excellent compression
capabilities [53]. However, because neural network compression is not loss-free, the Safety
Net concept is proposed [36,54,55], which uses neural networks and sparse lookup tables
to achieve loss-free compression. As PYCASX utilizes neural networks, it is an AI-based
system and must therefore conform to the considered objectives of the EASA concept
paper [5]. For this reason, the framework introduced in the previous Section 3 is applied to
PYCASX and its subsystems. Importantly, as PYCASX contains multiple subsystems that
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are not AI-based, the assumption is made that these subsystems will be built according
to the relevant aviation guidelines and standards, such as DO-178C [2]. Therefore, in the
following sections, these subsystems will be introduced only to the extent necessary to
understand the VCAS and HCAS and the system’s overall functionality.

4.1. Definition of a ConOps for PYCASX

The task of PYCASX is to provide partial ACAS capabilities to the pilots of an aircraft.
For the ConOps definition, the following section walks through the individual steps defined
in Section 3.1. In the given use case, this can include the two systems, VCAS and HCAS,
based on ACAS Xa and ACAS Xu, respectively. Each of these systems or components
might potentially be replaced by PYCASX. ACAS Xa is standardized by the DO-385 [75]
and ACAS Xu by the DO-386 [76]. Importantly, ACAS Xu, designed to provide resolution
advisories for pilots in the vertical and horizontal plane, is a superset of ACAS Xa. Thus, it
is often sufficient to reason about ACAS Xu. In addition to these systems, further standards
were identified that may apply to the ACAS use case, such as ED-271 [78] and ED-313 [79].
As previously introduced, the justification for the changes is the need to further reduce the
memory footprint of ACAS Xu [54]. The description of the proposed AI-based system is
based on the description provided by the initial implementation of PYCASX [40,74]. To
summarize, PYCASX is designed to provide the pilots with last-resort measures to prevent
mid-air collisions. The system is designed to operate in European airspace type C, where
aircraft typically operate in the IFR or VFR mode. The airspace type C also entails that
no geographic features or structures are present in the airspace. Both the ownship and
all possible intruders must be equipped with an ADS-B system. Based on the aircraft’s
position and dynamics, the system can determine whether the ownship is on a collision
course with an intruder. If an intruder is on a collision course, the system shall generate
a resolution advisory for the pilot to prevent a potential collision. Resolution advisories
can be on a vertical or horizontal plane. If multiple intruders are on a collision course,
the system issues the strongest advisory to the pilot, provided no conflicting advisories
were calculated for the intruders. Furthermore, no coordination between the ownship and
intruder is assumed. The pilots must first determine whether the resolution advisory can
be executed safely, then execute it.

4.2. Definition of an OD for PYCASX

Following the introduction of the system capabilities and the operational description
in Section 4.1, the next step is to define the OD for the PYCASX system. To identify the
elements of the OD, the environment was deconstructed using a layer model [33]. The
model consists of six layers, based on the automotive 6-layer model [33], and adapted
for the aviation use case to describe all elements of the airspace for en-route operations.
Furthermore, this model was applied to the previously described ConOps to follow a
system-oriented, risk-driven approach. Through this application, the OD attributes were
systematically traced from the operational assumptions and operational scenarios of the
ConOps to reduce the risk of omitting safety-relevant conditions for the system. The
identified attributes and the resulting OD specification for the PYCASX system are shown
in Table 2. For these attributes, values were initialized during initialization based on the
ConOps and further refined using the identified standards applicable to PYCASX.
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Table 2. The specified OD for PYCASX.

Top-Level Attribute Sub-attribute Qualifier Attribute Attribute Value Unit

Scenery Airspace Include Type C -
Airspace Include Flight Rule IFR, VFR -
Airspace Include Altitude [10 000, 66 000] ft
Airspace Include Latitude [−90, 90] °
Airspace Include Longitude [−180, 180] °
Airspace Include Route Type Free Route Airspace -
Airspace Exclude Geography Any -
Airspace Exclude Structures Any -

Environment Weather Exclude Adverse Conditions Any -
Connectivity Include Satellite Positioning GPS -
Connectivity Include Communication Type ADS-B -
Connectivity Include Communication Range ≥ 20 NM

Dynamic Elements Intruder Include Agent Type Airplane -
Intruder Include Maximum Agent Density 0.06 NM−2

Intruder Include Latitude [−90, 90] °
Intruder Include Longitude [−180, 180] °
Intruder Include Altitude [10 000, 66 000] ft
Intruder Include Horizontal Airspeed [0, 600] kn
Intruder Include Horizontal Acceleration [−1.5, 1.5] g
Intruder Include Vertical Rate [−5000, 5000] ft min−1

Intruder Include Vertical Rate Acceleration [− 1
3 , 1

3 ] g
Intruder Include Heading [−180, 180] °
Intruder Include Communication Type ADS-B -
Ownship Include Agent Type Airplane -
Ownship Include Latitude [−90, 90] °
Ownship Include Longitude [−180, 180] °
Ownship Include Altitude [10 000, 66 000] ft
Ownship Include Horizontal Airspeed [0, 600] kn
Ownship Include Horizontal Acceleration [−1.5, 1.5] g
Ownship Include Vertical Rate [−5000, 5000] ft min−1

Ownship Include Vertical Rate Acceleration [− 1
3 , 1

3 ] g
Ownship Include Heading [−180, 180] °
Ownship Include Vertical Rate Capability ≥ 2000 ft min−1

Ownship Include Vertical Rate Acceleration Capability ≥ 1
3 g

Ownship Include Turn Rate Capability ≥ 3 ° s−1

Ownship Include Turn Rate Acceleration Capability ≥ 1 ° s−2

Ownship Include Pilot Type Pilot, Remote Pilot -

4.3. Functional Decomposition of PYCASX

Based on the introduced ConOps, a functional decomposition of the PYCASX was
conducted. The first primary function identified was detecting other aircraft and their
positions. This function is split into three subfunctions that are necessary to sense the
position, height, and velocity of the ownship and surrounding intruders. The second main
function determines if a collision with the intruder is imminent. This is further split into
subfunctions to preprocess data gathered by the first function, to calculate and select the
optimal advisory, and to resolve conflicts among advisories when multiple are generated
for multiple intruders. The third main function is the interface to the aircraft avionics. This
main function comprises multiple subfunctions that display and announce the selected
advisories to pilots. Significantly, only the subfunctions in the second main function,
which determine the best possible advisory, are AI/ML-based, while all other functions are
traditional software and hardware items. Additionally, a preliminary system architecture
for PYCASX is defined to implement the specified functions, as shown in Figure 4. The
functions for sensing the intruder’s position and ownship are implemented by ADS-B
and GPS in the presented architecture. The determination whether a collision is imminent
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is realized by the CPA calculation, HCAS, VCAS, and the Multi-intruder advisory selection
components. Here HCAS generates advisories in the horizontal plane, while VCAS does so
in the vertical plane. The Display & Speaker component is responsible for implementing the
function that alerts pilots to the determined advisory.

ADS-B

GPS

CPA
calculation

HCAS

VCAS

Multi-intruder
advisory selection

Display &
Speaker

Figure 4. The preliminary architecture of PYCASX [40,74].

4.4. Definition of an AI/ML Constituent ODD for VCAS and HCAS

Following the previous steps for the PYCASX system, the next step in developing the
AI/ML constituents is to define an ODD for each constituent, i.e., an AI/ML constituent
ODD for VCAS and an AI/ML constituent ODD for HCAS. This is necessary because
VCAS provides advisories only in the vertical plane, and HCAS only in the horizontal
plane. Therefore, these AI/ML constituents are created based on different datasets, and each
dataset requires an individually defined AI/ML constituent ODD. Importantly, as both
AI/ML constituents are part of the PYCASX system, the same upstream artifacts of the
ConOps, system-level OD, and functional decomposition are used to derive the two AI/ML
constituent ODDs, ensuring system-level traceability.

4.4.1. The AI/ML Constituent ODD for VCAS

Applying the methodology described in Section 3.4.3, the previously defined ConOps,
OD, and functional decomposition of PYCASX are used in the definition of the AI/ML
constituent ODD. Because VCAS provides only vertical advisories, the AI/ML constituent
ODD is defined only for data in this plane.

Using the defined OD from Section 4.2, the first step is the identification of the indi-
vidual parameters of the OD that must be part of the AI/ML constituent ODD. For this,
as described in Section 3.4.3, all attributes were classified as attributes of a physical range
or as behavior-determining attributes. Using this classification and the allocated function
to VCAS for each attribute, it is determined if it is relevant for the AI/ML constituent ODD.
For example, the OD attributes of the airspace, altitude and coordinates are both classified as
physical ranges. Because VCAS can resolve conflicts regardless of airspace dimension, these
are considered irrelevant to the VCAS ODD. Similar to the type, the flight rule and route type
are both elements that determine the behavior of aircraft and are, therefore, relevant for the
VCAS ODD. Other OD attributes, such as geography and structures, are determined to be
irrelevant to the VCAS ODD, as the detection of these conflicts is handled by other systems,
for example, the ground proximity warning system [80]. The same steps were done for the
attributes of environment and dynamic elements. Based on these results, an initial ODD for
VCAS was defined and subsequently refined in the following steps.

Following the definition of the initial ODD for VCAS, the next step is to project at-
tributes into the VCAS system’s perception. In this case, only the altitude attribute is affected.
With VCAS, it is not the absolute altitude of the ownship and the intruder that matters,
but the difference in altitude. Therefore, for data management, it will be important to collect
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data with sufficient samples across all possible relative altitudes between the ownship
and the intruder. The acquisition of data to satisfy the defined ODD attributes is typically
achieved through a combination of empirical real-world measurements and synthetic data
generated through simulation-based testing to cover safety-critical edge cases that are often
underrepresented or too hazardous to capture in the real world. The maximum relative
altitude (∆hmax) between ownship and intruder is given by the maximum vertical rate
(ḣmax) and the maximum time to the closest point of approach (τ) and therefore can be
calculated based on the defined OD values.

The next step for the VCAS ODD is to identify sensor characteristics. The only sensors
used in PYCASX are GPS and ADS-B. ADS-B is the broadcast of information about the
aircraft’s position, speed, and altitude based on data from the global navigation satellite
system (GNSS) [81]. For both the ownship and intruder, GNSS is assumed to utilize
GPS; therefore, both are affected by the same sensor characteristics. Because GPS directly
provides the required information, the only additional sensor characteristic introduced is
GPS measurement inaccuracy. However, because GPS has high accuracy [82] and at large
heights only uncommon causes, such as solar storms [83], can cause larger inaccuracies,
these inaccuracies are assumed to be zero.

To identify additional domain-specific concepts for VCAS, an ontology-based domain
model was created for an encounter between an ownship and a single intruder. This
ontology-based domain model was built according to the rules outlined in Section 3.4.3.
As shown in Figure 5, the model contains two entities, the Intruder and the Ownship. Both
entities share the three attributes Velocity, GNSS, and Position. For the ownship one special
attribute was identified, namely the Pilot, characterized by the attribute Reaction Time.
This attribute specifies the time required for the pilot from the advisory announcement
to the start of advisory execution. Only when the delay is accounted for can the system
generate advisories earlier, still allowing sufficient time for safe avoidance [84]. In this
work, the reaction time is assumed to be 0 s, in line with previous research [40,53,54,85,86].

For VCAS, a dataset used to build the original version of VCAS [53] is available. In
addition to the VCAS advisories, the dataset contains only four attributes for the encounter
data. These attributes were already identified in previous steps; therefore, this dataset
yielded no additional attributes for the VCAS ODD.

The final AI/ML constituent ODD for VCAS is shown in Table 3. It includes three
attributes under the top-level attribute Scenery, eleven under Dynamic Elements, and two un-
der Operating Parameters. Compared to the PYCASX OD, the defined VCAS ODD contains
fewer attributes. These fewer attributes result from the allocated function and requirements
for the AI/ML constituent, as it only needs to cover a smaller subset of conditions than
the system-level conditions. The three attributes for the Scenery influence the behavior
of the ownship and intruder, ensuring that these distinct behaviors are captured in the
dataset. Under the Dynamic Elements, most of the identified attributes are physical ranges
that determine the allowed distances and rates of the intruder and the ownship. A specialty
for the ownship is the inclusion of attributes that require certain performance criteria for
the ownship itself. These attributes are already included in OD but are also relevant for the
AI/ML constituent ODD to ensure that the ownship conforms to the requirements needed
to execute the advisories as expected. The Distribution was determined only for attributes
that are constant, i.e., whose range includes a single value. For all other attributes, no
distribution was specified, as their distributions depend on the collected data. Therefore,
this column can only be completed once the data has been collected and used to build the
final AI/ML constituent.
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Figure 5. The complete ontology-based domain model for an encounter between the ownship and
an intruder. Entities are depicted with a square, attributes by circles, values by dashed circles, and
relations by arrows.

4.4.2. The AI/ML Constituent ODD for HCAS

As HCAS is similar to VCAS, the following section introduces the AI/ML constituent
ODD for HCAS, but only in a shortened form that highlights differences from the VCAS
ODD definition. The initialization of the ODD for HCAS follows a similar approach to
VCAS, with the only difference that, for the Dynamic Elements, all attributes in the vertical
plane are discarded, and only those in the horizontal plane are retained. Because HCAS
also relies on the same sensors as VCAS, the same additional GPS accuracy attributes
were identified for the Operating Parameters. The identification of domain-specific concepts
for HCAS was carried out using the same ontology-based domain model as for VCAS.
Similar to VCAS, this model provided only the pilot’s Reaction Time as an additional
attribute. The finalized AI/ML constituent ODD for HCAS is shown in Table 4. As already
described, the major difference between the VCAS ODD and the defined HCAS ODD is
that the encounters are on the horizontal plane. Therefore, the attributes of the Scenery,
the Environment, and the Operating Parameters are the same as in the defined VCAS ODD.
Only for the top-level attribute of Dynamic Elements, new attributes were introduced to
describe the encounter geometry, and attributes of the vertical plane were discarded. This
also includes attributes that ensure that the ownship executes these advisories in the
dataset as specified. Therefore, the attributes of the Turn Rate Capability and the Turn Rate
Acceleration Capability are included in the HCAS ODD.
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Table 3. AI/ML constituent ODD for VCAS.

Top-Level
Attribute Sub-Attribute Qualifier Attribute Attribute

Value Unit Distribution Source

Scenery Airspace Include Type C - Constant -
Airspace Include Flight Rule IFR, VFR - - -

Airspace Include Route Type Free Route
Airspace - Constant -

Environment - - - - - - -

Dynamic
Elements Intruder Include Agent Type Airplane - Constant ADS-B

Intruder Include Vertical Rate [−5000, 5000] ft min−1 - ADS-B

Intruder Include Vertical Rate
Acceleration [− 1

3 , 1
3 ] g - -

Intruder Include
Relative
Altitude to
Ownship

[−10 000,
10 000] ft - -

Intruder Include Time until loss
of separation [0, 60] s - -

Ownship Include Agent Type Airplane - Constant -
Ownship Include Vertical Rate [−5000, 5000] ft min−1 - GPS

Ownship Include Vertical Rate
Acceleration [− 1

3 , 1
3 ] g - GPS

Ownship Include Vertical Rate
Capability ≥2000 ft min−1 - -

Ownship Include
Vertical Rate
Acceleration
Capability

≥ 1
3 g - -

Ownship Include Pilot reaction
time [0] s Constant -

Operating
Parameters Ownship Include GPS

Inaccuracy None - Constant GPS

Intruder Include GPS
Inaccuracy None - Constant GPS

4.5. Framework Validation

The goal of the proposed framework is to enable developers of AI-based systems to
meet the objectives set by EASA. For the framework, a subset of all of EASA’s objectives
was selected. These selected objectives then imposed conditions that must be met by the in-
dividual steps in the framework. They were later verified in Table 5 by the application to the
PYCASX use case. The framework fulfilled 72.2 % of the considered objective requirements.
No requirements were unfulfilled, and 27.7 % of the considered objective requirements
were only partially fulfilled. Those were not fully met, as either the methodology yielded
results only for the use case that indirectly covered the requirements, or the results de-
pended on later steps of the W-shaped learning assurance process and therefore could only
be achieved at the end of development. Furthermore, as shown in the previous sections,
the framework extended and clarified concepts from the EASA concept paper, such as the
OD and the AI/ML constituent ODD. Importantly, as shown in the steps for defining the
ODD for VCAS and HCAS, an approach was demonstrated that maps from the system
level to the AI/ML constituent level. Thus, applying the framework to the PYCASX use
case confirmed the benefits of the introduced formalisms and developer-required processes,
thereby completing the necessary validation of the framework.
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Table 4. AI/ML constituent ODD for HCAS.

Top-Level
Attribute Sub-Attribute Qualifier Attribute Attribute

Value Unit Distribution Source

Scenery Airspace Include Type C - Constant -
Airspace Include Flight Rule IFR, VFR - - -

Airspace Include Route Type Free Route
Airspace - Constant -

Environment - - - - - - -

Dynamic
Elements Intruder Include Agent Type Airplane - Constant ADS-B

Intruder Include Horizontal
Airspeed [0, 600] kn - ADS-B

Intruder Include Horizontal
Acceleration [−1.5, 1.5] g - -

Intruder Include Relative Angle
to Ownship [−180, 180] ° - -

Intruder Include Time until loss
of separation [0, 60] s - -

Ownship Include Agent Type Airplane - Constant -

Ownship Include Horizontal
Airspeed [0, 600] kn - GPS

Ownship Include Horizontal
Acceleration [−1.5, 1.5] g - GPS

Ownship Include Distance to
Intruder [0, 122 000] ft - -

Ownship Include Angle to
Intruder [−180, 180] ° - -

Ownship Include Turn Rate
Capability ≥3 ° s−1 - -

Ownship Include
Turn Rate
Acceleration
Capability

≥1 ° s−2 - -

Ownship Include Pilot reaction
time [0] s Constant -

Operating
Parameters Ownship Include GPS

Inaccuracy None - Constant GPS

Intruder Include GPS
Inaccuracy None - Constant GPS

Table 5. Identified and considered requirements of EASA’s concept paper [5], which the methodology
application must fulfill.

Objective Requirement Fulfilled

CO-01 Identification of end users Partially

CO-02 Goals of the end users Partially
High-level tasks of the end users Completely

CO-04 Operational scenarios Completely
Task allocation in the operational scenarios Completely
Capturing of operating conditions Completely

CO-06 Functional decomposition of the system Completely
Function allocation in the system architecture Completely
Classification of AI/ML items Completely

DA-03 Set of parameters for the AI/ML constituent Partially
Traced parameters to the OD Completely

5. Discussion
In the previous chapter, the feasibility of the proposed framework for meeting the

requirements associated with the considered objectives (see Table 1) was demonstrated.
With this novel framework, most objectives for the selected use case of PYCASX and its
corresponding AI/ML constituents, VCAS and HCAS, were achieved. The failure to meet
all objectives was due to the proposed framework covering only a subset of the steps in
developing an AI-based system. For example, for the AI/ML constituent ODD, not for every
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attribute, a distribution was determined, as these distributions depend on the collected
datasets. These datasets can only be determined once the AI/ML constituent is fully
developed in accordance with EASA’s guidelines. Nevertheless, although it did not fully
meet all requirements for applying the methodology to the use case, it demonstrated the
advantage of consolidating diverse approaches and concepts into a unified AI Engineering
approach. Importantly, the main difference of the suggested framework is the explicit
separation between the system-level OD and the data-centric AI/ML constituent ODD,
as required by EASA’s guidelines [5]. This contrasts with existing approaches in the
aviation and automotive domains, which primarily focus on scenario-based or system-level
ODD descriptions.

Within the framework for specifying the OD and AI/ML constituent ODD, a tabular
format was chosen. While this has the advantage of being easily readable by different
stakeholders, it lacks an abstract syntax that formalizes the OD and ODD metamodels.
This could be improved by using a modeling language, such as SysML v2, to define the
abstract and concrete syntax for the OD and AI/ML constituent ODD. Furthermore, such a
structured approach to specifying an OD and an AI/ML constituent ODD enables its use
in system verification. Based on the developed specification language, intermediate trans-
lation steps can be defined to enable translation into a formal specification language [87].
This transformed OD or AI/ML constituent ODD representation enables the use of stan-
dard verification tools, such as satisfiability modulo theories (SMT) solvers, to check the
specification for consistency and to support situation verification [87]. While the tabular
format allows stakeholders without formal methods expertise to understand the OD or
ODD specification, the required intermediate translation steps introduce an additional
layer of complexity in verifying AI-based systems.

Two aspects not covered by this tabular format are conditional statements with multi-
ple parameters and temporal aspects, which must be described in an OD or ODD specifica-
tion. For example, depending on the flight rules permitted in the airspace, the allowable
ranges of other parameters may be restricted. Consequently, the proposed format can
represent only the union of all parameter ranges. This limitation should be addressed
in future extensions of the format, particularly for AI-based systems operating in highly
complex environments with a high level of autonomy, where more expressive constructs
may be required to specify the OD and the AI/ML constituent ODD.

In addition, beyond EASA compliance, the proposed ODD methodology serves as
a technical specification for subsequent ML development phases. By defining not only
ranges but also distributions and attribute sources, the ODD serves as a sampling blueprint
for data collection. For instance, in the HCAS use case, specifying the distribution of the
Turn Rate Capability ensures that the training dataset is not biased toward linear trajectories,
but instead contains sufficient edge cases of high-maneuverability encounters. This pre-
vents data gaps that could lead to model overfitting or failure on corner cases. Furthermore,
during model training, these ODD attributes constrain data augmentation and synthetic
data generation, ensuring that generated scenarios remain within the operationally relevant
envelope defined at the system level.

The advantage of the introduced framework is evident when comparing the results
of the defined AI/ML constituent ODD with other AI/ML constituent ODDs specified
for the same use case. One example of an ODD, defined by the MLEAP consortium [18]
for the same use case of the airborne collision avoidance system, is shown in Figure 6.
The specified ACAS Xu ODD only contains six attributes and their ranges. The HCAS
ODD of this work is equivalent to the shown ACAS Xu ODD. Compared with the ODD
specified in this work, the MLEAP ACAS Xu ODD lacks attribute classifications, units,
qualifiers, attribute sources, and attribute distributions. The latter is significant, as it is a
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requirement for an AI/ML constituent ODD per EASA [5]. Therefore, the specified ACAS
Xu ODD, as shown in Figure 6, does not fulfill the requirements of EASA. Furthermore,
while the specified HCAS ODD contains 16 attributes, the MLEAP ACAS Xu ODD contains
only 6. The six attributes are all contained in the HCAS ODD, and the major difference in
attributes is the attributes that determine the behavior of the ownship and intruder, such as
the Turn Rate Capability, see Table 4. However, it is necessary to include these attributes in
the AI/ML component ODD, as they determine behavioral characteristics that can alter
the optimal advisories across scenarios. Therefore, excluding these attributes will result
in an insufficient AI/ML constituent ODD that does not accurately describe the AI/ML
constituent’s operating conditions. A sufficient level of detail is important, as only if the
AI/ML constituent ODD accurately describes the conditions the AI/ML constituent can
encounter can a safety argument be built on the AI/ML constituent ODD for the system,
allowing for later certification of the system [60]. The missing parameters in the MLEAP
ACAS Xu ODD also pose a problem for AI/ML constituent ODD monitoring, as they are
not included in the AI/ML constituent ODD and therefore will not be monitored. This is
problematic because it cannot be determined whether the AI/ML constituent was designed
to operate in these scenarios. Furthermore, as the AI/ML constituent ODD is also the
framework for the selection, collection, and preparation of the data used to develop the
ML inference model, the completeness of the data also depends on the defined AI/ML
constituent ODD [5]. For example, the parameter of the Agent Type is included in the HCAS
ODD but is missing in the ACAS Xu ODD. This allows for all types of agents, such as
rotorcraft, to be included in the dataset, while the HCAS ODD is limited to airplanes. This
again underscores the need for an adequate AI/ML constituent ODD specification process.

ODDACAS Xu =



τ ∈ [0, 101]
θ ∈ [−3.14, 3.14]
vint ∈ [0, 1200]
vown ∈ [50, 1200]
ψ ∈ [−3.14, 3.14]
ρ ∈ [499, 185 318]

Figure 6. The ACAS Xu ODD defined in the MLEAP report [18]. From top to bottom, the individual
attributes describe the time to loss of separation in seconds, the relative angle to the intruder, the speed
of the intruder in feet per minute, the speed of the ownship in feet per minute, the intruder heading
relative to the onwship, and the distance of the intruder to the ownship in feet.

As introduced in Section 2, the EASA guidance for level 1 and 2 machine learning
applications was released only in 2024, and guidance for level 3 is expected in the coming
years. Therefore, ambiguities and gaps remain in the currently available guidance [88]. For
example, other studies have identified issues or areas for improvement in certain AI assur-
ance objectives [88]. The primary challenge encountered in developing the methodology
for this work was the ambiguity surrounding some of the objectives under consideration.
One example is the EASA definition of the OD; it is defined similarly to the AI/ML con-
stituent ODD, in that it should describe the operating conditions at the system level [5].
However, their definition is unclear regarding whether the concept of OD is based solely on
existing practices in the aviation sector or also on practices in other industries, such as the
automotive sector. In this work, the latter interpretation was chosen. Also, for the AI/ML
constituent ODD, it is unclear whether EASA permits specification of the AI/ML con-
stituent ODD based on collected data, or whether it relies solely on a top-down allocation
of requirements and functions. Again, the latter interpretation was chosen.
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6. Conclusions
This work introduced a concrete, step-by-step framework that bridges AI trustwor-

thiness analysis and learning assurance through explicitly defined development artifacts.
Furthermore, the framework addresses the specification of operating conditions for AI-
based systems in the context of potential future EASA regulations. The framework includes
formats for defining OD, functional decomposition, and the AI/ML constituent ODD. In
particular, for the AI/ML constituent of the ODD, additions to this format were made to
incorporate data-specific conditions required by EASA. In addition to the required concept
formats, processes were introduced to apply these concepts to concrete use cases. Impor-
tantly, a process was introduced to derive the AI/ML constituent ODD from the OD and
the system description. Furthermore, a mapping of the individual factors influencing the
AI/ML constituent and the ML model’s inputs and architecture was created. The frame-
work was applied to an airborne collision-avoidance use case to validate its capabilities
and to introduce a neural network-based compression approach. Based on the use case,
a ConOps, an OD, a functional decomposition, and an AI/ML constituent ODD were
specified for the PYCASX system in accordance with the defined methodology. It was
verified that most of the requirements of EASA’s objective were satisfied for the chosen
use case.

As discussed in Section 5, this work provided a baseline for defining the ConOps,
OD, and AI/ML constituent ODD, but there remain gaps and areas for improvement.
First, the currently available processes and guidance are largely conceptual and require
further refinement and concretization. This concretization can take the form of developing
a tool and an abstract syntax for defining the OD and AI/ML constituent ODD. Secondly,
the current processes and the conducted validation considered only the specification of
the system’s operating conditions; therefore, the next step is to define data management
processes based on the defined AI/ML constituent ODD. Lastly, as the introduced processes
currently rely solely on the available EASA guidance for level 1 and 2 machine learning
applications, adaptations may be necessary in light of the forthcoming level 3 guidance.
Furthermore, the proposed processes should be applied to additional safety-critical use
cases [89–91] to validate their usefulness beyond the chosen use case and its domain.
In particular, a more data-driven use case, especially one not yet governed by existing
standards, could further test and refine the introduced framework. Moreover, a level-3 use
case could be selected to identify gaps in current processes. Such an application could also
provide feedback to EASA in the development of its Level 3 machine learning guidance.
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ACAS Airborne Collision Avoidance System
ADS-B Automatic Dependent Surveillance-Broadcast
AI Artificial Intelligence
AIR Aerospace Information Report
ARP Aerospace Recommended Practice
ConOps Concept of Operations
CPA Closest Point of Approach
DO Document
EASA European Union Aviation Safety Agency
ED EUROCAE Document
EUROCAE European Organization for Civil Aviation Equipment
GNSS Global Navigation Satellite System
GPS Global Positioning System
HCAS Horizontal Collision Avoidance System
IFR Instrument Flight Rules
ML Machine Learning
NM Nautical Mile
OD Operational Domain
ODD Operational Design Domain
SAE SAE International
SysML Systems Modeling Language
VCAS Vertical Collision Avoidance System
VFR Visual Flight Rules
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